In this paper we examine the intraday effects of surprises from scheduled and unscheduled announcements on six major exchange rate returns (jumps) using an extension of the standard Tobit model with heteroskedastic and asymmetric errors. Since observed volatility at high frequency often contains microstructure noise, we use a recently proposed non parametric test to filter out noise and extract jumps from noise-free FX returns (Lee and Mykland (2012)). We found that the most influential scheduled macroeconomic news are globally related to job markets, output growth indicators and public debt. These surprises impact FX jumps rather in the form of good news, as a result of pessimistic forecasts from traders during the crisis period analyzed. We reconfirmed for most of the currencies the hypothesis that negative volatility shocks have a greater impact on volatility than positive shocks of the same magnitude, reflecting markets' concern about the cost of stabilization policies.
Introduction
Understanding asset price volatility is a crucial goal for traders and portfolio managers involved in asset pricing, portfolio allocation and hedging strategies against portfolio risk. While standard volatility models such as GARCH or stochastic volatility models have been successful to fit the dynamic features of financial return series up to daily frequencies, they have proven inadequate at higher frequencies because of their inconsistency to represent the market microstructure patterns emerging at the intraday level. With the availability of tick-by-tick data, a wide strand of the literature on volatility modeling has pointed at the role of intraday periodic patterns and of macroeconomic news releases. Intraday volatility results from any regular intraday patterns such as openings and closings of financial markets (Andersen and Bollerslev (1997) ; Erdemlioglu et al. (2012) ). As for announcements effects, Andersen et al. (2003) , Laakkonen (2007) , Lee and Mykland (2008) , and Lahaye et al. (2011) among others, have shown that some of major expected macroeconomic news -such as the consumer price index, ISM (Institute of Supply Management) manufacturing index, consumer confidence index, retail sales, producer price index, non-farm payrolls and news related to the labor market to name a few -tend to be a real catalyst for short-term movements in financial markets, generating large changes in market volatility thereby causing abnormally large returns called 'Jumps' in price dynamics. Jumps are significant large responses of the market surprises to scheduled news on which the community of analysts regularly provides their expectations and to unscheduled news. They occur frequently in the Forex markets, responding not only to U.S. economic news but also to news from around the world because exchange rate is a worldwide sensitive variable.
Identifying jumps in a price process has been explored by a widespread literature. Since the seminal contributions of Barndorff-Nielsen and Shephard (2004) , the econometric literature has made tremendous progress on how to detect jumps at high frequency in univariate price process. Lee and Mykland (2008) have provided a major advance in proposing a non parametric test, which Boudt et al. (2011) have improved by introducing a market intraweek seasonality in the instantaneous price volatility. Recently, Lee and Mykland (2012) have proposed a non parametric test controlling for microstructure noise.
The connection between jumps in the exchange rates and the scheduled macroeconomic news has been examined extensively in recent decades, with pioneering studies 1 that have been implemented to investigate the efficient capital market hypothesis. Evans and Lyons (2005) find that arrival of scheduled announcements produce the largest exchange rate changes and that the impact of news remains significant for several days. BarndorffNielsen and Shephard (2006) apply their bipower variation procedure to estimate jumps on USD/DEM and USD/JPY exchange rates data by relating the jump days to those of macroeconomic announcements. Andersen and Vega (2007) find evidence of jumps in exchange rates, S&P 500 futures and U.S. Treasury bond futures. The authors also show that these jumps are related to news events and that the jump component has a large magnitude and a lower persistence than the corresponding continuous component of the realized volatility. Lahaye et al. (2011) use the non parametric test of Lee and Mykland (2008) that they expand by integrating the market intraweek seasonality in the instantaneous price volatility as in Boudt et al. (2011) . The authors detect the presence of jumps in a variety of financial asset prices (exchange rates, equities and bonds) and, using a Tobit-GARCH model, demonstrate that U.S. macro announcements significantly contribute to explaining jumps and cojumps in financial returns.With regard to foreign exchange rates, Lahaye et al. (2011) identify the non farm-payroll, federal funds target releases, GDP, consumer confidence and trade balance shocks as being the most influential macroeconomic news. In short, most papers concerned with the question of the impact of announcement releases on returns report that macroeconomic news exert a significant influence on exchange rate jumps and thereby play a role in the volatility of the Forex market.
Our paper aims to contribute to this literature by examining what types of news surprises influence the movements in six exchange rate returns (EUR, GBP, JPY, AUD, CAD, CHF in terms of USD) from June 2007 to June 2012 using high frequency data. It departs from the previous studies in several respects. Firstly, following Lahaye et al. (2011) , we represent the jump process using a Tobit-GARCH class of models (Calzolari and Fiorentini, 1998) . This methodology is particularly appropriate for modeling financial jump variables whose values are given by abnormal returns when they are statistically significant and by zero otherwise; such jump variables are therefore measured by censored data (Tobit specification). The GARCH specification for the errors is motivated by the fact that since Mandelbrot (1963) , financial returns are known to exhibit volatility clustering patterns at daily or higher frequencies. However, financial asset prices are also characterized by the empirically observed fact that negative shocks have a stronger impact on volatility than positive shocks (this is the so-called leverage effect when stock market are considered). In order to account for this asymmetry, we go further than the previous studies and replace the GARCH process with the more general GJR-GARCH model introduced by Glosten et al. (1993) . We qualify the latter as general since for a zero value of the leverage coefficient (no asymmetry) it reduces to a standard GARCH. We thus estimate our exchange rate jump model using a Tobit-GJR-GARCH framework, which to our best knowledge has never been applied to Forex market data. Secondly, we consider two categories of news impacting jumps : scheduled macroeconomic news provided by Bloomberg at specific dates of each month and which are partially expected by traders, and unscheduled news, which consist in unexpected negative real shocks, such as the bankruptcy of some major banks during the subprime crisis, the downgrading of banks' and countries' ratings, the Great East Japan Earthquake of March, 2011 and some other key events. 2 Thirdly, we devote special attention to the question of removing microstructural noise from observed prices. 3 Previous studies, whether they rely on the Lee and Mykland (2008) non parametric statistical procedure, the Barndorff-Nielsen and Shephard test (2004) or the Jiang-Oomen test (2008) to extract jumps around news events, often ignore the presence of microstructure noise in observed price data. Consequently, instead of identifying jumps in equilibrium (noise-free) prices, they discover them in the observed prices. Thus, very large changes featured by observed prices and due to some sizable market frictions (noise) may be wrongly interpreted as strategic responses from investors (jumps). To avoid this pitfall, we use a recent breakthrough non parametric jump detection test proposed by Lee and Mykland (2012) , which allows for asymptotically removing microstructural noise from observed prices by an appropriate frequency re-sampling procedure. 4 Our approach is innovating in that, to our knowledge, no previous empirical study using high frequency data has ever employed this methodology to appropriately detect jumps or simply model asset price volatility.
The use of the new Lee and Mykland (2012) non parametric test reveals that significant jumps represent about 0.41% of all denoised returns and that our scheduled macro news and unscheduled events explain about 34% and 14% of total jumps, respectively. Macroeconomic surprises impact FX jumps rather in the form of good news, reflecting pessimistic forecasts from traders during the crisis period analysed. Significant scheduled macro news concern globally job markets, output growth indicators and public debt. Significant unscheduled events shocks include the Madoff fraud and subprime crisis rescue plans.
The rest of the paper proceeds as follows. Section 2 describes the data used, while Section 3 surveys the main jump detection methods and explains in detail the one we will employ. Section 4 presents our Tobit-GJR-GARCH jump model while estimation results are discussed in Section 5. Section 6 concludes.
Data Description

Exchange Rates
We consider one-minute intraday returns in six currencies against the US Dollar (USD): Australian Dollar (AUD), Canadian Dollar (CAD), Swiss Franc (CHF), Euro (EUR), British Pound (GBP) and Japanese Yen (JPY). All the exchange rate series are provided by Olsen & Associates and Dukascopy. The full sample spans from June 1, 2007 to June 30, 2012 . All times are GMT. The FX markets trade 24-hours a day. This implies that each trading day has 1440 one-minute intraday intervals. Due to the lack of observations, the weekends were removed from our data, from Friday midnight to Sunday midnight. After removing from our database weekends and days where there are too many missing values, we end-up with 1527 trading days over the period considered, and a total of 1,908,040 observations for the EUR/USD exchange rate and 1,909,380 for the others. Figure 1 shows the dynamics of our six foreign exchange rate returns. All series exhibit an increase in volatility at the fourth quarter of 2008, which corresponds to the beginning of the financial crisis marked by the collapse of several banks and in particular Lehman Brothers' bankruptcy on September 15, 2008 . The reaction of the six foreign exchange markets seems to be synchronized around this quarter and the first quarter of 2009 because the financial crisis hit all the markets, with a lesser extent the Swiss franc due to the faster reaction of the Swiss banking system. The EUR/USD returns exhibit also high volatility at the second quarter of 2010, due to the intensification of the Euro zone debt crisis, mostly centered in Greece. Beside the main clusters, many other negative and positive jumps are featured by the exchange rate returns. These jumps may reflect financial traders' behavioral responses to (i) surprises from their forecasts on scheduled announcements, (ii) unexpected unscheduled events and (iii) calendar (intraday or intraweek) periodicity. But they may also include a number of spurious jumps or microstructural noise, due to market frictions, that can spoil the data at the very high frequency. The aim of the following sections is to disentangle the true Forex returns and market microstructure noise by preprocessing the data, so that observed jumps such as the ones in Figure 1 only stem from large spreads of true returns.
Announcements and economic news
Scheduled macroeconomic news
We define a surprise as a large difference between a released value of a major scheduled macroeconomic news and the market expectation, which we proxy using financial experts' median expectation provided by the Bloomberg 'World Economic Calendar" (WECO) survey. 5 We follow Balduzzi et al. (2001) and standardize the forecast error in each news announcement so that the surprise values for various types of news are comparable. The surprise S k (t i ) related to the news announcement k is then written as:
where t i stands for the intraday time i of day t, A k (t i ) represents the release of the announcement k at time t i , F k (t i ) the median of the survey forecast on the announcement k scheduled at the horizon t i andσ k the standard deviation of the forecast error
The forecast errors are standardized so that the surprises from releases of different types and reporting conventions are comparable. We cover an extensive list of announcements comprising the ones used in previous literature and also other announcements. Tables (a) to (e) in Appendix 3 present a summary of all announcements that are likely to trigger sudden price movements, or jumps. These announcements are from the USA, Japan, China, U.K. and the Euro zone, from January 2007 to December 2012 with monthly frequencies. We include announcements from major fields of the economies, called "Market Movers Indicators", and announcements specific to each country. We also include the macroeconomic announcements although they are well anticipated by the market such as Central Banks' target rates. We end up with 47 announcements for the U.S. economy, 12 for China, 6 for the Euro area and 23 for U.K. and Japan. For all these scheduled macro announcements, negative surprises have been separated from positive ones in order to study the asymmetry in producing increased volatility.
Figures (a) to (f) in Appendix 1 display the price dynamics around some scheduled publications. It can be seen that for some news, the market responds almost immediately to the releases by sharp and positive or negative jumps. This confirms that information is incorporated into the exchange rate very quickly since it lasts no more than a few minutes if not seconds, in line with the findings of Cheung and Chinn (2001) . By contrast, Evans and Lyons (2005) show that in currency markets, the impact of U.S. and German announcements effects can persist up to several days. Appendix 1 also plots some anticipated responses to news announcements. In the minutes before a release, movements widen as some market makers pull their orders in anticipation of upcoming volatility.
Unscheduled event news
Jumps can result from unscheduled, therefore totally unexpected news releases. These are, for example, unforeseen official statements, central bank governors' or politicians' decisions, declarations of bankruptcy from major banks or corporates, announcements from rating agencies or some natural disasters. We account for each of these unanticipated events through a dummy variable. Appendix 4 displays some of the key events that occurred between 2007 and 2012 that we include in our analysis.
To construct unscheduled news data, we first identify major events that happened from January 2007 to December 2012 in the five countries considered in this study. Then, we extract the releases with their exact occurring time from the Reuters and Bloomberg sources of the real-time financial news database Factiva. For each event, we create a dummy variable taking the value 1 at the day of the event and zero elsewhere. We examine fortyfive unanticipated events ranging from Lehman brothers bankcruptcy or Bernard Madoff fraud to the Great East Japan Earthquake. These news are fully unexpected because they correspond to isolated events or sometimes events that are unknown to the markets a priori. Note that most of them are not related directly to markets.
As an example of unscheduled news, Figure (a) in Appendix 2 illustrates for AUD/USD (left panel) and EUR/USD (right panel) that markets have reacted to President Obama's election on November 6, 2012 at 08:11 p.m. (November 7 at 03:11 a.m. GMT) by selling the safe-haven dollar against most of other currencies. The dollar fell on the view that the Fed will be encouraged to proceed on its quantitative easing path and that this policy will persist after Bernanke's end of term.
Figure (b) in Appendix 2 (left panel) displays the evolution of the JPY/USD exchange rate at 10:57 GMT on March 11, 2011 , the day when "the Great East Japan earthquake" occurred. In the immediate aftermath of the earthquake (05:46 GMT), investors were prompted to sell the Japanese currency, which led the Yen to depreciate sharply. Thus, from the economic point of view, this natural disaster can be interpreted as an unexpected negative real shock in the Japanese economy and in particular on its currency. Both panels show that this jump in the currency has rapidly reversed and soared against the major currencies under the effect of the speculation that Japanese investors would repatriate assets to pay for rebuilding.
Detecting jumps
As shown, market prices tend to exhibit frequent jumps in their dynamics. To prevent risk, investors need therefore to better understand and forecast this phenomenon. A jump is a sudden price movement where an abnormally large variation in the price process can be observed resulting from a buying and selling pressure. Jumps are therefore remarkable events as they can trigger important losses or gains for investors yielding significant portfolio reallocations. Theoretically, they can be represented by a continuous-time jump-diffusion process. Let the scalar logarithmic asset price S(t) follow an Ito process augmented by a jump component. The dynamic of S(t) is written as :
where µ(t) denotes the drift term, σ(t) the instantaneous volatility process assumed to be càdlàg 6 ; W (t) is a standard Brownian motion; C(t)dJ(t) a pure jump component assumed to follow a compound Poisson process since we are interested in large and infrequent price movements. J(t) is the counting process, while C(t) is the jump size. J(t), C(t) and W (t) are assumed to be mutually independent. The asset log-prices p(t) are observed in discrete time t.
We denote the corresponding discrete-time intra-day geometric returns by:
where r(t i ) is the ith return of day t and M refers to the number of equally spaced intraday returns observations over the trading day. When a jump occurs at time t i , the return at this specific time r(t i ) is expected to be much larger than in its regular continuous sample path. The objective of the jump test is to differentiate between jumps and instantaneous volatility that might produce incidentally large fluctuations in asset price returns.
3.1 A review of the usual jump tests
The BNS Test
Barndorff-Nielsen and Shephard (2004), or BNS, proposed an asymptotic non parametric test where they develop a jump robust measure of the daily integrated variance called realized bipower variation. The statistic is then computed as the relative difference between the realized variance and the bipower variation. The BNS statistic, called "relative jump measure", is calculated as follows :
where RV (t) is the realized variance which converges uniformly in probability to the integrated volatility augmented by a term of accumulated instantaneous jumps (Andersen and Vega, 2007) :
and the other component BV (t) is the realized bipower variation, defined as:
An equivalent statistic, −RV (t), called the "ratio statistic", is proposed and studied in Barndorff-Nielsen and Shephard (2006).
The Jiang-Oomen Test
Jiang and Oomen (2008), or JO, exploited the higher-order sample moments of returns to identify periods that contain jumps and constructed a test based on the hedging error of a swap variance replication strategy :
The swap variance "SwV " is given by:
where r(t i ) is the geometric return defined in the jump-diffusion process, and R(t i ) is the arithmetic return
. JO formulate several z-statistics that test the null hypothesis of no jumps in a sample period. Lee and Mykland (2008) , or LM, compared the magnitude of each change with a slidingwindow measure of local volatility and introduced a non parametric test which was assessed by simulation. As discussed by Fan and Fan (2011) , the LM test outperforms the BNS and JO tests. LM proposed to standardize the absolute high frequency returns by a robust estimate of its instantaneous volatility, which is the average of realized bipower variation over the window K = √ M × 252, 7 thus providing a measure that explains the local variation only from the continuous part.
The Lee and Mykland Test
The statistic L(t i ), which tests at time t i whether there was a jump in the asset return from t i−1 to t i is defined as:
where
The idea behind this test is that if the observed value of the Lee & Mykland statistic does not lie in the region of maximum returns, it is unlikely that the realized returns are generated by the diffusion model without jumps. Under the null of no jumps between t i−1 to t i , the statistic L(t i ) converges in distribution to the absolute value of a standard normal random variable. 8 Besides, as shown by Galambos (1987) , the maximum of a standard normal random variable follows a Gumbel distribution. For a given test size, it is then possible to check whether or not a standardized return observation is identifiable with a jump. This test is considered as being among the most important research works on jump detections and applications. However, it presents an important weakness. LM show that their jump test has good power at the 15-minute frequency, and that above this frequency a large number of detected jumps are spurious because of the presence of microstructure noise in price data. Microstructural noise represents frictions that can affect the trading process at very high frequencies, such as transaction costs or liquidity shortages.
To deal with the microstructure noise problem, Lee and Mykland (2012) proposed a new parametric test which allows to asymptotically remove noise from the observed log price in order to determine jumps directly in the equilibrium or noise-free log price. The log price observed at time t i denotedp(t i ) is determined by the true log price p(t i ) and by market microstructure noise u(t i ) :p
where the noise distribution is assumed to be stationary and given by u(t i ) ∼ D (0, q 2 ) Thus, the noise follows a general process with mean zero and standard deviation q, which the authors call the "market quality parameter" and represents the degree of market imperfection. This is because when q = 0, u(t i ) = E(u(t i )) = 0 and we get a frictionless market where the equilibrium asset price is directly observed. The principle of LM's procedure consists in pre-averaging the observed high frequency price data over appropriately chosen non-overlapping blocks so that asymptotically noise is removed from the observed prices. It focuses on the property that microstructure noise is time-dependent as evidenced by empirical studies (see, among others, Lunde and Hansen (2004) ). Since the order of noise dependence is not observable, the authors suggest to infer it from the lag order of the autocorrelation function of the observed returns. Let k − 1 denote the number of dependence lags resulting from the estimation of this function, the first step is to collect all the k th independent observationsp(t i ), i = 0, k, 2k, ... Let now M represent the optimal block size (that is, the number of observationsp(t i ) to be pre-averaged) allowing to remove noise in observed log prices. Averaging log prices over non overlapping consecutive sets of M terms yields to denoised log prices:
where j ∈ J = {0, kM, 2kM, ...}. This re-sampling process ensures that any abnormal variation betweenp(t j+kM ) andp(t j ) does not result from noise, but signals the presence of a jump in the equilibrium price between the same observation times. For equation (12) to be of practical use, it remains to determine the optimal block size M . Lee and Mykland (2012) suggest the rule of thumb according to which
when n −→ ∞, where n is the number of independent observationsp(t i ) and C(q) is a constant parameter depending positively on the standard deviation q since, as stated by the authors, the greater the noise standard deviation, the larger must be the block size for pre-averaging. The authors provide a list of values for this parameter that they obtain by simulation for different values of q. 9 They also propose an estimator for the latter that is robust to the presence of jumps, 10 defined as :
It is now possible to define the statistic Ψ (t j ) ≡p(t j+kM ) −p(t j ), j ∈ J , to test for the presence of jumps in the equilibrium prices between t j+kM and t j . Under the null of no jumps,
, where G n is a positive real number. The asymptotic critical value G n,α for rejecting the null at the 100α% level of significance is such that P (ξ n ≤ (G n,α − A n )/B n ) = 1 − α, implying G n,α = −log(−log(1 − α))B n + A n . It follows that at the 1%, 5% and 10% levels, we have G n,0.01 = 4.6, G n,0.05 = 2.97 and G n,0.10 = 2.25, respectively.
Separating jumps from microstructural noise
We now apply the Lee and Mykland (2012) test procedure described in subsection 3.1.3 to our FX data. Note: The table displays, from top to bottom the number of 1-min observations (#obs),The number of denoised observations (#denoised obs), the quality parameter (q),the q-dependent optimal value (C), the number of sample days (#trading days), the total number of days with jumps (#jump days), days with at least one jump, the probability (in %) of a jump day (P(jump day)=100(#jump days | #trading days)), the number of jumps per jump day (E(#jumps | jump day)=# jumps|#jump days), the total number jumps (#jumps), their proportion (in %) over the sample (P(jump) = 100(#jumps | #obs)). The next panel reports proportions of positive jumps (P(jump > 0) and negative jumps (P(jump < 0)) as well as their standard deviations (SD). Finally, the last panel reports number of suprises (#surprises) calculated with the matching news, number of days with news (#newsdays), number of news that match with at least one jump (#news | jump), number of jumps that match with at least one news (#jump | news). The matching process in based on a time-span window of 102 or 126 minutes depending on the currencies. One of the most noteworthy results displayed in the first panel of Table 1 are the denoising frequencies. For the EUR, AUD, CAD and CHF currencies, our initial oneminute frequency data were transformed into 1 hour and 42 minute frequency denoised data and for the GBP and JPY currencies, the initial one-minute data were transformed into 2 hours and 06 minutes frequency denoised data. Using these preprocessed data, we found that significant jumps occur at the frequencies of 0.32% for the Euro, 0.43% for the Pound, 0.47% for the Yen, 0.53 % for the Australian dollar, 0.41% for the Canadian dollar and 0.35% for the Swiss franc. 11 Our results are in line with Lahaye et al. (2011) , who found that 0.36% of observed returns can be qualified as jumps. A slight asymmetry is observed for all FX rates (middle panel of Table 1 ): a negative asymmetry for the EUR and JPY and a positive one for the others. 2 presents these jumps for the six currencies considered. It appears that the magnitude of the jumps (the jump size) in absolute value typically varies around a 500% rate of change in all spot rates, with sporadic peaks reaching 1000% to 1500% in the case of EUR, GBP, AUD, CAD and CHF and more than 2000% in the case of JPY and CHF currencies. As expected, jumps are especially concentrated on the financial crisis period, reflecting the uncertainty that characterized the economies from the end of 2008 throughout 2009. The biggest jump in the EUR is positive and located on March 18, 2009, presumably in response to two news about US inflation that were announced before this jump or to traders' expectations on the US Federal Funds Target Rate. For the GBP, the biggest jump is negative and occurred on October 24, 2008, it coincides with a negative surprise on the UK GDP growth expectations. For the CHF currency, a very large positive jump can be noted on September 06, 2011. An obvious event that has at least partially given rise to this jump is the announcement, issued on the same day by the Swiss National Bank, that in order to depreciate the overvalued CHF currency the Bank intended to buy foreign currency in unlimited quantities, thereby leading the currency to loose 9% against the US dollar (according to the Guardian and BBC news). This event has been included in the unscheduled news database. We also tested for the impact of the announcement on the UK Trade Balance in Goods which has increased more than the consensus market has anticipated.
The last panel of Table 1 includes statistics resulting from a matching window between jumps and macroeconomic news. According to this window a matching occurs between a jump and a news if the latter precedes the former by up to 30 minutes or follows it by up to 5 minutes. The time discrepancy between the two events represents investors' response delay to the news release in the first case and their anticipation to upcoming volatility in the last case. 12 Results show that, on average, 33.98% of jumps match our macroeconomic news. Appendix 5 provides further information on which news coincide with how many jumps. It can be seen that the majority of jumps are detected between noon and two p.m. The Table also shows that over our sample, the JPY, CAD and CHF currencies react more to job market news, the EUR responds more to monetary policy news, the Pound and the Australian dollar are more sensitive to production news. All markets are responsive primarily to the U.S. news, followed by U.K. and Japanese news. Finally, the matching results suggest that positive surprises (PS) cause positive jumps (PJ) for the JPY and the AUD , and negative surprises (NS) cause positive jumps for the other currencies.
Modeling Jumps: methodology and results
Defining and computing jumps as statistically significant abnormal returns imply that series involve discontinuities as evidenced by Figure 2 . In the following subsections we discuss and estimate the relationship between these jumps and macroeconomic announcements using an appropriate censored data model.
Modeling Jumps using a Tobit model with asymmetric and heteroskedastic errors
To model jumps in exchange rate returns, we follow Lahaye et al. (2011) approach consisting in using a Tobit-GARCH model which is appropriate to examine in what extent discontinuous jumps are explained by macroeconomic announcement releases and calendar effects (interweekly and intradaily periodic effects), provided that the errors are conditionally heteroskedastic. We go further by taking into account an additional empirical feature commonly evidenced in financial markets, the leverage effect, which says that negative returns increase future volatility by a larger amount than positive returns of the same magnitude. To account for this asymmetry, we rely on a Tobit-GJR-GARCH model where the asymmetric conditional error variance specification is due to Glosten et al. (1993) . 13 Calzolari and Fiorentini (1998) have shown how to construct the log-likelihood of a Tobit-GARCH model. We apply their approach to the case of a Tobit-GJR-GARCH model. We specify the standard Tobit model as follows:
is an unobservable (latent) random variable, y(t i ) is the observed censored dependent variable, x(t i ) is the vector of exogenous variables and θ is a vector of coefficients. When the dependent variable is the series of jumps, we posit y(t i ) = |J(t i )|. This amounts to simplify the model as (see Lahaye et al. (2011) ):
where |J(t i )| is the absolute value of significant jumps in foreign exchange returns at time t i , λ(t i ) and δ(t i ) stand for the impacts of surprises from scheduled and unscheduled announcements on significant jumps in foreign exchange returns at period t i , while γ(t i ) and F(t i ) represent the intraweek and intraday periodicities, respectively. We specify the effect of surprises from scheduled announcements as:
where S + j (t i ) and S − k (t i ) represent positive and negative standardized surprises associated with macroeconomic news announcements, while N + and N − are the number of positive and negative surprises, respectively. The coefficients λ + j and λ − k stand for the effect of the positive surprise j and negative surprise k on the forex jump magnitude. The effect of unscheduled news can be written as:
where F f (t i ) is a dummy variable representing an unexpected event and Q the number of such events. The coefficient δ f identifies the once-for-all impact of the unexpected event on the jump magnitude. Calendar effects are taken into account through an intraweek periodicity:
where D d (t i ) is a "day of the week" dummy which takes the value 1 when t i belongs to a business-day d (d = Monday,..., Friday) and 0 otherwise 14 , and through an intraday periodicity captured by the Flexible Fourier Form (FFF)(Andersen and Bollerslev, 1997)
where N is the number of intraday observations, ϑ 0,1 , ϑ 0,2 , ϑ c,p and ϑ s,p are coefficients to be estimated, k 1 = (N + 1)/2 and k 2 = (N + 1)(N + 2)/6 are normalization constants and P determines the number of phases in the daily cycle. After preliminary tests, we selected a daily cycle of four phases (P = 4). Denoting φ and Φ the pdf and the cumulative density function of a standard normal, respectively, the non-linear Probit part of the likelihood (the one concerned by censored observations) is :
whereas the linear part concerned by the non-zero observations is:
The log-likelihood function is given by :
where:
We have supposed so far that the u(t i )'s are independently and identically distributed normal errors. To specify a Tobit-GJR-GARCH model we relax the assumption of iid normal errors in (14) and suppose that u(t i ) ∼ N(0, σ(t i )) where σ(t i ) 2 follows a GJR-GARCH(p, m, q) process:
γ k is the leverage coefficient whose positivity ensures that negative shocks impact volatility by the coefficient α j + γ k , while the effect of positive shocks is α j . When the dependent variable is observed, then for any lag s = {j, k}, the squared error in (23) can be written as :
When it is censored, i.e. |J(t i−s )| = 0, then u(t i−s ) 2 is proxied by its conditional expectation when y Calzolari and Fiorentini (1998) show that this approximation is given by:
where φ(t i ) = φ
.
It remains to discuss the sign of u(t i−k ) in (23) to assess for asymmetry. When the dependent variable is non-zero, the sign is that of |J(t i−k )| − x ′ (t i−k )θ. When it is not, it is natural from the preceding approximation to deduce the sign of u(t i−k ) from that of its approximationũ
. By simple integration, we can show that (see also Maddala (1983) ):
The log-likelihood function becomes:
Let Θ 0 be the true vector of parameters andΘ its estimated value. When Newton-like maximization method is employed, the negative of the expected inverse Hessian matrix, V H (Θ), evaluated atΘ is:
Under the null hypothesis,
is asymptotically distributed as a X 2 (k), where k is the number of parameters. V H (Θ) is the covariance matrix ofΘ which contains on its diagonal the estimated variances of the parameters. 15 Under the null, the Wald statistic for, say, β, is then:
5 The impact of news announcements on forex returns
The Tobit-GJR-GARCH estimation results are displayed in Table 3 to Table 6 . 16 15 Alternatively the covariance matrix can be calculated as the outer product of gradients
where Gt i (Θ) = ∂Lti(Θ)/∂Θ evaluated at Θ =Θ and Lti(Θ) is the loglikelihood at the observation ti. It can also be calculated using the so-called Sandwich estimator 
The estimated parameters are those of the component λ(ti) given by equation (16). A hyphen (-) indicates that the news does not match with a jump and herefore is not included in the regression. (*), (**) and (***) denote significance at the 10%, 5% and 1% levels of significance, respectively. Table 3 presents the results related to the impacts of surprises from scheduled macroeconomic announcements on the absolute significant returns of our six currencies. 17 First, it can be seen that among the 78 surprises considered, 18 of them affect three currencies at a time and 6 of them impact four currencies at a time at the 5% level. Because all our exchange rates are denominated against the dollar, most of these 24 significant surprises are related to the U.S. economy. The six most influential surprises (i.e. those that impact four exchange rates at a time) come from continuing jobless claims, initial jobless claims, nonfarm payrolls in manufacturing industries, retail sales (less automobiles), the Philadelphia Fed survey and the Treasury Federal budget debt.
Initial and continuing jobless claims and nonfarm payrolls impact exchange rate volatility because an increase in initial and continuing claims and a decrease in nonfarm payrolls are obvious signs of reduction in employment opportunities and therefore of weakening of the economy. If the US economy enters a recession, one would expect interest rates to fall which, in turn, would make US assets less attractive for foreign investors and depreciate the dollar. These employment situation reports are the most internationally followed U.S. figures because they reflect all major sectors of the economy (production, income, consumption), besides the fact that they are related to U.S. monetary policy: since the last recession, the employment situation drives the "quantitative easing" decisions of the FED. Moreover, as they are the earliest indicators of economic trends published each month, employment announcements can trigger very large movements in FX markets.
Investors focus also on retail sales because these are good predictors of GDP as retail market helps them to spot specific investment opportunities, without having to wait for a company's quarterly or annual report. They monitor the Philadelphia Federal survey because it is viewed as an indicator of the evolution of the manufacturing sector. As for the relationship between news on Federal public debt and the exchange rate of the dollar, a large debt impacts exchange rate if foreign investors believe that the country risks defaulting on its debt and therefore sell the dollar denominated bonds they hold, producing a depreciation of the dollar.
The 18 news which significantly impact only three exchange rates include: the industrial production, personal consumption expenditure capacity utilization, the Empire State Manufacturing survey, the Federal Fund's target rate, housing market news (NAHBM Index), and the new privately owned housing. The latter provides to investors information about new home sales or resales and, through a "ripple effect", all required housing equip- 17 Note that a number of coefficients are negative whereas the specification in absolute value of the dependent variable and of the negative surprises in Equation 16 suggests that the coefficients λ + and λ − are positive. Such a result may potentially stem from the fact that surprises based on concomitant announcements are measured with errors. Indeed, representing market forecasts by median survey forecasts in calculating surprises may lead to measurement errors on market forecasts or, equivalently, on surprises (Lahaye et al. (2011) ). While a measurement error on a single variable is known to imply an attenuation bias (the estimate shrinks towards zero), in the multivariate case the direction of bias is undetermined. Simultaneously, the existence of concurrent announcements at the time of a jump may lead to select several significant surprises with measurement errors, while the estimated model may include one or several negative surprise effect(s) to offset a positive total bias. However, the central issue we are concerned with is not to know the values of the estimated parameters but simply to identify the significant surprises in explaining jumps. ment. It also reflects the consumer confidence about the future of the economy. The US Federal Funds target rate is announced by the US Federal Open Market Committee (FOMC) and has direct and immediate impact on financial markets since it is considered as a good indicator of monetary policy and a particularly informative nominal interest rate for future real economic variables (Bernanke & Blinder 1992) .
We also find that, apart the US variables, GDP and retail sales from UK affect the Euro, the Pound end the Yen. Note that the Swiss Franc is the only currency influenced by all the Chinese announcements. This result is likely related to the historical economic relationship between the two countries. In fact, Swiss firms have been investing in China substantially over the last decade. Swiss banks were among the first Western banks to establish correspondent banking relationships with Chinese banks. Switzerland is also the first country on the European continent that has signed a Free Trade Agreement with China. 18 Depending on whether its coefficient is reported in the λ + or λ − column under each exchange rate, a news can take the form of a positive or negative surprise. A positive surprise means that the underlying announcement has been underestimated, while a negative surprise reflects an overestimated announcement. Depending on the nature of the announcement, an under-or overestimation of its future value can be viewed either as good news or as bad news. For example, negative (positive) surprises on initial and continuing jobless claims and on public debt are good (bad) news because they imply that reality is better (worse) than expected. This reflects that survey respondents tended to make pessimistic (optimistic) forecasts. Similarly, positive (negative) surprises on retail sales, nonfarm payrolls and Philadelphia Fed survey are good (bad) news. It is noteworthy that both Treasury debt and Philadelphia Fed survey impact exchange rate volatility as good news for most of the currencies. As for nonfarm payrolls, they influence all exchange rates as bad news as a result of optimistic forecasts. Turning to our 24 news that significantly impact at least half of our currency panel, our results show that in 59% of cases financial traders report good news with respect to their forecasts when announcements are released. This can be explained by the fact that during the crisis period analyzed (2007) (2008) (2009) (2010) (2011) (2012) , they were more often delivering pessimistic forecasts. The asymmetry between good and bad news is particularly pronounced for news concerning agents' sentiment on economic health, 19 public debt and housing, 20 for which the proportions of good news are 83%, 80% and 77%, respectively. These findings seem consistent with Andersen et al. (2003) result that "bad news in good times have greater impacts than good news in good times". (-) indicates that the news does not match with a jump and therefore is not included in the regression. (*), (**) and (***) denote significance at the 10%, 5% and 1% levels of significance, respectively. As regards the unscheduled news coefficients, it seems that all our currencies except the Yen are primarily affected by the Lehman Brothers bankruptcy and, in some extent, by the 700B $US bailout plan allowed under the Troubled Asset Relief Program, which both occurred in September 2008. Iceland's Kaupthing bank defaults, the French Government bailout plan, Standard & Poor's decision to downgrade Greece, the first Barack Obama's election and the Madoff fraud are the major other events that impacted many currencies. The EUR/USD was affected by most of the events mentioned above and by Freddie Mac loss releases of 14/11/2008 . Jumps in GBP/USD exchange rate were mostly provoked by all events documented above and by many bailout plans (EESA, AIC, Dutch Credit, EU, Us Government) and downgrading announcements (Greece, Spain). The Japanese Yen was not directly hit by the crisis, but was sensitive to Obama's 2009 election, to the Japanese earthquake and Tsunami occurred on March 2011 while the Swiss Franc was subject to the high devaluation plan conducted by the Swiss National Bank. The Australian Dollar was only affected by the US bailout plan and downgrade of Greece's rating. Note: (*), (**) and (***) denote significance at the 10%, 5% and 1% levels of significance, respectively. Table 5 : Estimation of the Tobit-GJR-GARCH model : the GJR-GARCH Table 5 displays the estimation results of the GJR-GARCH part of our model. The stationarity condition is satisfied for all currencies. As explained above if the leverage coefficient is non-zero in Equation (23), then positive and negative shocks exert asymmetric effects on volatility. Our results strongly support the presence of asymmetric effects for the Japanese Yen and the Swiss franc at the 5% level of significance and for the Pound and the Euro at the 10% level (note that β is not significant for JPY/USD exchange rate, suggesting that a GJR-ARCH would more adequately fit the volatility for this currency). By contrast, there is no asymmetry for the Australian Dollar and Canadian Dollar, implying that a Tobit-GARCH model would be more appropriate for these two currencies.
It is worth noting that a greater effect of a negative past return in a foreign exchange market cannot be interpreted as straightforwardly as in the stock markets where, following Black (1976) , a drop in the stock price of a firm would imply a rise in its leverage and this bad news would in turn lead to an increase in the volatility (leverage effect). Such negative shocks, called "bad news", are then believed to generate larger volatility than positive shocks or "good news". It is hard to define what are "good" and "bad" news in the case of changes in exchange rates (see maya 2008, for an attempt). In fact, the definition is likely to depend upon whether the economy experiences good or bad times (Andersen et al. (2003) ). In a boom, appreciation can serve to reduce inflation and can therefore be qualified as good news. In a recession, good news would rather be a depreciation which helps to improve competitiveness and increase exports. Our results do not allow for an interpretation in terms of good or bad news because our jumps are expressed in absolute value and therefore are not informative about the direction of the change in exchange rate. However, the hypothesis that negative volatility shocks have a larger impact on volatility than positive ones is validated by our results and translates as follows. While a foreign exchange jump with a higher-than-expected absolute magnitude (positive residual) reflects capital flows seeking safe haven currencies during the crisis period, a jump with a lowerthan-expected absolute magnitude (negative residual) may be viewed as the consequence of an effective intervention policy conducted by the central bank in order to avoid large changes in exchange rates. However, such a stabilizing policy is costly, since it generates transaction costs, international trading costs or risk management costs. Indeed, in the short run central banks bear stabilization policy costs that are all the larger that return volatility is high. Being subject to these costs is interpreted by the market as an undesirable side effect and leads to a volatility response greater than the volatility response due to arbitrage movements in foreign exchange markets. Table 6 displays the values of the log-likelihood associated with the full Tobit-GJR-GARCH model (LLf ) and given by Equation (27) and the values of the log-likelihood associated with the restricted Tobit-GJR-GARCH model (LLr) where the surprises on scheduled announcements (16) and unscheduled events (17) have been removed from the Tobit model which thus only comprises intraweek (18) and intraday (19) periodicities. For each of the currencies, to check that our two categories of news improve significantly the jump model, we compute the likelihood ratio statistic L = 2(LLr − LLf ) which compare to a X 2 with 33, 35, 32, 29, 30 and 32 d.o.f., respectively. We find that news contribute very significantly to explain jumps in each foreign exchange market.
Conclusion
This paper studies the effects of two categories of news, scheduled macroeconomic announcements and unscheduled event releases, on jumps in six foreign exchange markets (Euro, Pound, Yen, Australian dollar, Canadian Dollar and Swiss franc, all against the U.S dollar). To this end, we first use an innovative non parametric test procedure suggested by Lee and Mykland (2012) allowing to detect significant jumps in equilibrium prices after removing microstructural noise from observed prices. Test results suggest that the Pound and the Yen have more microstructure noise than the other forex rates, since the denoising frequency is higher for these two exchange rates (126 min vs 102 min). About 0.41% of all denoised returns represent significant jumps, which is a higher proportion of jumps than in previous studies where the denoising frequency is determined by simulations. Using these denoised data we find that our scheduled macro news and unscheduled event releases match with about 34% and 14% of total jumps, respectively. These empirical findings point out the relevance of removing microstructure noise before applying a jump detection test. Turning to model specification, our discontinuous (censored) high-frequency jump data justifies the use of a Tobit model with heteroskedastic structure of residuals. Further, to test for the stylized fact that negative volatility shocks increase volatility by a greater amount than positive shocks, we specify a Tobit-GJR-GARCH model. In line with other results in the literature, we find that news impact volatility significantly. Scheduled macroeconomic surprises affect foreign exchange returns in the form of good news with a proportion of 59 %, reflecting rather pessimistic forecasts from traders during the crisis period analyzed. The macro surprises that exert a common impact to a majority of exchange rate jumps are related to initial and continuing jobless claims, nonfarm payrolls in manufacturing industries, retail sales, the Philadelphia Fed survey and the Treasury Federal budget debt. Concerning the unscheduled event releases, the Lehman Brothers bankruptcy and EESA bailout plan come as the most influential shocks. We also find that jump responses are characterized by a significant asymmetry in negative and positive volatility shocks for most of the major currencies considered, suggesting that markets are sensitive to the costs implied by central banks' stabilization policies. 
